Introduction {#Sec1}
============

Machine learning (ML) algorithms have been suggested as the most innovative methodology in recent years because of their great potential. One of reasons is that since a tremendous amount of datasets have been generated and accumulated, researchers now have the opportunity to utilize these databases, which can be trained with ML algorithms to model unexplored areas of parameter space. Various applications have been successfully demonstrated in this field such as autonomous driving cars^[@CR1]^, face recognition^[@CR2]^, and image segmentation/detection^[@CR3]^. Further, the promising future of ML techniques is vastly expanding to the area of materials science. For example, ML methods have already proven capable of predicting band gaps, dielectric constants, and the stability of semiconductors, dielectric materials, polymers, and molecules^[@CR4]--[@CR9]^ These previous results have demonstrated that applying ML is particularly beneficial for finding new materials with improved properties. In addition, ML can be applied to develop interatomic potentials for running molecular dynamics simulations^[@CR10],[@CR11]^, and to predict possible chemical reactions^[@CR12]^ or thermodynamic stability^[@CR13]^.

Despite these successes, the applications of ML are still limited because providing a reliable database is a prerequisite before any ML algorithm can be implemented because the accuracy of the trained model is solely dependent on the quality and amount of training data. In this respect, many studies have focused on building datasets from calculated results with high-throughput simulations^[@CR14],[@CR15]^. However, the transferability of constructed models based on simulation data is limited because the correlation with the actual device performance is often unclear. In this regard, it would be preferable if more datasets from experiments were industrially available; then, ML methods could be expected to provide much more reliable output.

In this respect, we herein apply ML algorithms to an experimental database to improve the electrochemical performance of Ni-rich cathode materials, LiNi~x~Co~1-x-y~Mn~1-x-y-z~O~2~ (NCM) with x\> 0.85, by optimizing their synthesis parameters. Ni-rich NCM has been considered as a promising cathode material for electric vehicle applications because of its large capacity and cheaper manufacturing cost^[@CR16]^. In this regard, designing an NCM material with a larger capacity, longer cycle life, and lower amount of residual Li is a key strategy for its commercialization, which will allow the development of the next generation of electric vehicles. This poses several technical challenges, including a number of synthesis parameters that need to be tuned, such as calcination temperature, particle size distribution, washing process, dopant concentrations, and coating materials. Each process can have a significant impact on the electrochemical properties of the final cathode. For example, the washing process can lessen the amount of unwanted residual Li in the cathode. In addition, by including electrochemically stable doping elements, the structural stability can be greatly enhanced^[@CR16],[@CR17]^. With the coating process, direct contact between the cathode surface and the electrolyte could be prevented, leading to improved electrochemical performance^[@CR16],[@CR18],[@CR19]^. This is made more challenging by the fact that even small modifications of each parameter could result in significant variations in electrochemical performance. Thus, optimizing all variables simultaneously is difficult, and can only be achieved with experience and knowledge. However, with the aid of ML algorithms, it is now feasible to search all possible experimental datasets by providing parameters to a trained prediction model, which greatly accelerates the optimization process.

In this study, we first perform basic statistical analysis to distinguish which experimental parameters are most correlated with electrochemical performance. Then, an ideal ML model for predicting electrochemical properties is constructed by comparing its accuracy with various types of regression algorithms. After validating the trained model, it is further expanded to implement a reverse engineering framework to suggest the ideal experimental parameters, which can satisfy the target electrochemical specifications and the results are validated with experiments.

Methods {#Sec2}
=======

Machine learning model {#Sec3}
----------------------

In order to choose an ML algorithm with the best performance, seven different types of ML regression models are employed: support vector machine (SVM), decision tree (DT), ridge regression (RR), random forest (RF), extremely randomized tree (ERT), and neural network (NN) with multi-layer perceptron. The adaptive boosting (AdaBoost) algorithm was further embedded into the ERT model. The python-based ML package Scikit-learn^[@CR20]^ was used to implement these models. Details of the theoretical background for each algorithm are not discussed here because they can be easily found elsewhere^[@CR20]^. To improve the prediction accuracy, the randomized search algorithm was implemented to find the optimal hyperparameters for each model. The NN model consisted of five layers with 10 nodes each. The ML model was cross-validated with a randomly chosen 80% of the dataset (train set) to establish the prediction model, and the remaining 20% (test set) was used to validate the constructed model.

Database {#Sec4}
--------

A total number of 330 experimental datasets for Ni-rich NCM cathodes whose Ni content is more than 85% were constructed with 13 input variables (synthesis parameters + inductively coupled plasma mass spectrometry (ICP-MS) + X-ray diffraction (XRD) results) and three output variables (initial capacity, cycle life, and the amount of residual Li). The general synthesis process and electrochemical testing methods can be found in our previous work^[@CR18],[@CR19]^. The distributions of these parameters over the whole dataset are shown in Fig. [1(a,b)](#Fig1){ref-type="fig"}. First, among the various synthesis parameters, five principal variables (composition, calcination temperature, dopant, washing, and coating materials) were selected when constructing the ML model. This is because the values of the other variables such as the machine parameters during the drying process, washing time, and second calcination temperature after the coating process are almost the same throughout the dataset; thus, those factors do not significantly affect the accuracy of the models.Figure 1(**a**) Distribution and (**b**) the range of experimental synthesis parameters, ICP data, XRD results, and electrochemical properties.

A brief description of each experimental variable is shown in Table [1](#Tab1){ref-type="table"}. The composition indicates whether the size distribution of the agglomerated secondary particles of the NCM cathode is unimodal (0) or bimodal (1). Temperature is the first calcination temperature after providing the precursors for synthesis. The dopant variable can be aluminum (Al), undoped (Un), titanium (Ti), zirconium (Zr), or doping more than two materials (Bi). The washing variable indicates the mass ratio of water to active materials of NCM; a value of 0 means that the washing process is not conducted. For coating materials, each character indicates materials (M), water evaporation (W), or none (N). The major types of applied coating materials among the 330 experimental datasets are Co~3~(PO~4~)~2~, Mg~3~(PO~4~)~2~, and their mixture as (CoMg)~3~(PO~4~)~2~. When constructing the ML inputs, these coating materials are denoted only as 'M' for simplicity. This is because several parameters need to be provided to distinguish the performance of each coating material, including the total amount, the ratio of Co- to Mg-phosphate, coating temperature, and the time, which would require a much more data. Moreover, other types of coating materials such as Co-, Al-, and Zr-oxides are also included in some datasets, which makes it even more difficult to construct our database. In general, the coating process for current experimental datasets is as follows. (1) The metal and phosphate source is provided and dissolved in deionized water. (2) NCM powder is added in the solution and dried. (3) Finally, they are heated at around 700\~800 °C for 0.5 to 5 hours. More details can be found in previous references^[@CR18],[@CR19]^.Table 1Input and output variables for construction of the ML model with short descriptions.VariablesDescriptionInputComposition0: Unimodal, 1: BimodalTemperatureThe first calcination temperatureDopantAl: Aluminum, Un: Undoped, Ti: Titanium, Zr: Zirconium Bi: doping more than two materialsWashingMass ratio of water to the active materialsCoatingM: Materials (Co~3~(PO~4~)~2~, Mg~3~(PO~4~)~2~,..), W: Water evaporation, N: NoneICPThe amount of Li, Ni, Co, and MnXRDSize: the primary particle size, Ratio: ratio of (003) to (104) peaks xrdA: lattice parameter a, xrdC: lattice parameter cOutputCapacityThe first discharge capacity at 0.2 CCRRCapacity retention rate after 50 cycles at 1 CFree LiThe amount of residual Li after initial synthesis

The ICP results show the amounts of atomic elements in the NCM materials. From the XRD analysis, the size of the primary particles in the NCM (size), the peak ratio of the (003) to (104) reflections in the XRD pattern (ratio), lattice parameter *a* (xrdA), and lattice parameter *c* (xrdC) are collected. Finally, for the electrochemical properties, the initial discharge capacity (capacity) at a C-rate (the rate of discharging the cathode from its maximum capacity) of 0.2 C, the cycling retention rate at 1 C after 50 cycles (CRR), and the amount of residual Li compounds (free Li) after the initial synthesis were obtained. We note that controlling the amount of residual Li is critical because excessive Li could lead to slurry gelation, which results in a non-uniform surface shape during slurry deposition on the current collector^[@CR21],[@CR22]^.

Results and Discussions {#Sec5}
=======================

Correlation between variables {#Sec6}
-----------------------------

To provide a general statistical overview of the dataset, the Pearson correlation coefficient (R) was calculated between variables except for text variables (dopant and coating materials), as shown in Fig. [2(a)](#Fig2){ref-type="fig"}. The color and the size of the circles in the diagram represent the magnitude and the direction of the correlation. It is important to note that hardly any strongly correlated values (R \> 0.7) were found, indicating that the relationships between variables cannot be explained with a simple linear function. Hence, the current results should be used to obtain general trends in the experimental parameters. The probability values (P-values) were also calculated and the data points with P-values larger than 0.05 are marked with an ×, indicating a lack of statistical confidence.Figure 2(**a**) Pearson correlation coefficient (R) between all variables and (**b**) electrochemical properties. Values marked with an X indicates that this p-value is not valid (\>0.05).

From the R values, one can see how the variables are linearly correlated; they can be between +1 and −1 where a positive (negative) number indicates that variable A increases as variable B increases (decreases). It is important to note that in-depth investigation is necessary to determine meaningful relations between some parameters. For example, the relation between the synthesis parameters and the ICP results is not critical because these quantities are provided as inputs. In this regard, one should not be misled by the strong correlation (R = −0.98) between Ni and Co as an example. (The amount of Co must be reduced to increase the Ni content to satisfy the stoichiometry of NCM.) Similarly, the moderate correlation (R = −0.46) between temperature and Co does not necessarily mean that increasing calcination temperature decreases the amount of Co. In addition, modification of the synthesis parameters can considerably affect the XRD results as follows. (1) Providing more Li could decrease the lattice parameters (R = −0.75 and −0.56 for xrdA and xrdC, respectively). (2) Increasing the synthesis temperature generally increases the lattice parameters. (R = 0.61 and 0.31 for xrdA and xrdC, respectively).

It is more critical to investigate the correlations between experimental variables and the electrochemical properties, as shown in Fig. [2(b)](#Fig2){ref-type="fig"}. First of all, none of the variables are strongly correlated (R \> 0.7) with the target properties, indicating that this dataset cannot be simply explained with a linear relation. Hence, the R values here should be used to obtain general trends in the dataset. Especially for the initial capacity, all of the R values are too small (R \< 0.4) to suggest a correlation. For the CRR results, structures with a higher calcination temperature, higher Ni content, and a larger size of the primary particle resulted in poorer performance. This can be explained from the peak ratio of the (003) and (104) planes (*i*.*e*., the crystallinity of the NCM structure), which decreases with higher Ni content (R = −0.46) but increases with higher Mn (R = 0.52) and Co content (R = 0.42). It is well-known that Ni-rich NCM with better crystallinity (larger peak ratio, less-disordered) can effectively mitigate degradation behaviors^[@CR16]^. This is because a low peak ratio originates from a more disordered material due to transition metal occupation of the lithium layer, which can hinder Li diffusion and also lead to a phase transformation from the layered oxide to the spinel phase. For the free Li, its relation is already predictable because residual Li will be removed by the washing process (R = −0.54) and the ICP results for Li are directly correlated with this value (R = 0.64).

Construction of prediction model using machine learning algorithm {#Sec7}
-----------------------------------------------------------------

To construct a prediction model for electrochemical properties based on the experimental parameters, it is important to choose an optimal ML model from among the various types of ML regression algorithms, which can represent the current dataset with the best accuracy. First, to obtain statistically meaningful results, we randomly selected 300 different training sets because there are more than thousands of sets available to choose from the 80% of the 330 training datasets. After training each ML model with these training sets, the constructed model was validated with the remaining test set (20%) by calculating the average, maximum, and standard deviation (STD) of the coefficient of determinant (R^2^) value, as shown in Table [2](#Tab2){ref-type="table"}. In terms of the performance of each model, we first note that the model with a larger average value of R^2^ usually showed a larger maximum value and a smaller STD value. More importantly, the ensemble methods (RF and ERT) exhibited superior accuracy compared to the linear model, NN, and others. To conclude, among several regression models, the ERT + AdaBoost algorithm was found to predict the electrochemical properties with the best accuracy, whose maximum R^2^ value and mean absolute error (in the parenthesis) were 0.751 (2.84 mAh/g), 0.922 (289.18 ppm), and 0.860 (2.33%) for the initial capacity, free Li, and CRR, respectively. The comparison between experimental results vs. predicted properties from the test set based on this model is shown in Fig. [3](#Fig3){ref-type="fig"}.Table 2Average, maximum, and standard deviation (STD) of R^2^ values from each regression model using 300 randomly chosen datasets for the initial capacity, capacity retention rate (CRR), and the amount of free Li.Regression modelCapacityCRRFree LiAverageMaxSTDAverageMaxSTDAverageMaxSTDDecision Tree0.2900.6020.1080.4120.7160.1390.6900.8940.161Ridge Regression0.2860.4790.0900.5070.6850.1040.7220.8420.078Support Vector Regression0.5180.7370.1090.6450.8380.1190.7210.8560.072Random Forest0.4430.6540.1080.6010.8310.1450.7050.9410.211Neural Network (10, 5)0.3910.7000.1390.5920.8390.1600.7870.9020.062Extremely Randomized Tree0.5400.7390.0940.6660.8460.1140.8200.9140.058Extremely Randomized Tree + AdaBoost0.5760.7510.0640.7070.8600.0630.8420.9220.034Figure 3Experimental properties vs. predicted properties (test set) for initial capacity, free Li, and CRR from ERT with AdaBoost model with the maximum R^2^ value.

An important perspective can be gained from the above results. Overall, it is noted that the prediction capability is the best (R^2^ \~ 0.94) for the free Li. This could be because we already include information related to the amount of Li from the ICP measurement as an input variable, which is directly associated to the free Li. On the other hand, the predictive accuracy for the initial capacity was shown to be the worst (R^2^ \< 0.75) but we note that implementing a ML method is still advantageous because its prediction capability for CRR is great (R^2^ \~ 0.86). This is important because in general, a larger initial capacity can be achieved by increasing the Ni content but a Ni-rich NCM cathode always suffers from capacity loss during electrochemical cycling due to various degradation behaviors^[@CR16],[@CR23]^. This fact greatly limits the commercialization of Ni-rich NCM for electric vehicles. Furthermore, since measuring the CRR is the most time-consuming process, as approximately four days (100 hours) are required to obtain the CRR value at the 50^th^ cycle under 1 C, the cost of optimizing the experimental parameters to synthesize NCM with a greater cycle life can be largely saved by employing this prediction model.

Reverse engineering to satisfy target specifications {#Sec8}
----------------------------------------------------

The establishment of an accurate prediction model enables researchers to perform experiments synthesizing NCM materials in a computer-aided artificial lab with various combinations of experimental parameters and thus further improve their performance in a reduced amount of time. More importantly, the ultimate goal of constructing this prediction model should be to propose optimized experimental parameters that satisfy the target specifications. We call this process reverse engineering and the flowchart is shown in Fig. [4(a)](#Fig4){ref-type="fig"}. First, we generate the input data from 50,000 datasets by randomly choosing the parameters within the range for each variable shown in Fig. [1(b)](#Fig1){ref-type="fig"}. We note that since the trained ML algorithm used for extrapolation is not strongly validated, we only search for optimal parameters within the range of the trained database (interpolation) shown in Fig. [1(b)](#Fig1){ref-type="fig"}. Then, these are provided to the trained ML model (ERT + AdaBoost) and the corresponding electrochemical properties are predicted. Since the predictive capability is lowest for the initial capacity (R^2^ = 0.751), we prioritize the other two categories and extract the datasets satisfying the target specifications (CRR \> 93%, free Li \< 1300 ppm). We claim that these criteria are the minimum necessary for commercial applications. For example, a free Li concentration greater than 1300 ppm could result in easy gelation in the cathode slurry during the manufacturing process based on our experience. Finally, experimental validation for the suggested parameters is achieved.Figure 4(**a**) Flowchart depicting the reverse engineering scheme. (**b**) Proposed synthesis parameters, ICP, and XRD results to satisfy the proposed target specifications (CRR \> 93% and Free Li \< 1300 ppm) among 50,000 datasets and (**c**) their experimental validation.

The satisfying experimental datasets are shown in Table [SI](#MOESM1){ref-type="media"}, Supporting Information (SI). Some interesting perspectives can be addressed based on these results. (1) The calcination temperature for most of the sets is around 700\~710 °C. (2) Using a Zr dopant or using more than two dopant materials seems to be effective. (3) A washing process is always preferred. (4) The evaporation method (washing then calcination again) is effective. (5) A Ni content of more than 0.87 is not preferable. We note that although the reverse engineering process provides a set of optimized parameters within the constructed ML prediction model, different constraints could be applied depending on how researchers want to design the synthesis process. For example, although a lower temperature is preferable within our model, previous works still applied calcination temperatures of around 750 °C for Ni-rich NCM^[@CR18],[@CR19]^. However, in those cases, the grain boundaries should be clearly constructed and the washing process needs to be omitted to simplify the synthesis process. Therefore, one might want to add more datasets (no washing, coating only) that can properly describe this process with more details.

For the proposed data sets, experimental validation was performed. It is important to note that conducting experiments with given synthesis parameters and elemental concentrations is straight-forward but matching XRD results is not an easy task because they are strongly correlated with the provided inputs. In this regard, we were able to synthesize only five cases that were close to the suggested data, among 15 proposed sets. (Fig. [4(b,c)](#Fig4){ref-type="fig"}) The experimental results for the first charge-discharge curve at 0.1 C and the CRR change during cycling are shown in Fig. [S.1](#MOESM1){ref-type="media"}, [SI](#MOESM1){ref-type="media"}. Those five cases exhibited great performance (*e*.*g*., set \#4 showed a capacity of 206 mAh/g with a CRR of 95.1% and free Li of 1045 ppm). Al and Zr were used as dopant materials (Bi) and (CoMg)~3~(PO~4~)~2~ was provided as a coating material. The average difference between the proposed and actually synthesized materials in terms of input parameters (ICP and XRD) was only 0.2%. For the electrochemical properties, the average differences were 6.3%, 1.0%, and 12.8% for the capacity, CRR, and free Li, respectively. This validation indicates that the current model can potentially guide the optimization of the cathode materials synthesis process and is effective for finding the ideal parameters.

It is important to address potential avenues for improving the current method. As discussed, the present prediction model has intrinsic limitations regarding its input parameters. First, for the XRD data, a possible solution for this problem could be constructing an ML prediction model without the XRD dataset. If this works, it would also be advantageous because the measurement time required for XRD analysis could be omitted. In this respect, ERT with AdaBoost algorithm was further applied to construct a prediction model without using the XRD data. Unfortunately, such an approach reduced the R^2^ values significantly from their original accuracies of 0.751 to 0.606, 0.922 to 0.881, and 0.860 to 0.702 for the capacity, free Li, and CRR, respectively. Although those reduced R^2^ values are still moderately accurate, further improvement is necessary to apply this model to commercial processes to lessen the possibility of misleading experiments. Second, more detailed input parameters should be provided, although this will require many more datasets, *i*.*e*., actual combinatorial data sets for bi-doping cases, coating materials, as well as duration and temperature ranges for the coating process, washing process, and so on. This will make it possible to control the synthesis process in more sophisticated way.

To summarize, we believe the current approach can be used to accelerate the optimization of synthesis parameters as follows. (1) The accumulation of datasets always occurs during the design of experiments. (2) Based on these datasets, one can construct a prediction model based on ML. (3) If the ML model can predict with acceptable accuracy, all of combinations of input variables can be easily predicted. (4) These results can help researchers to understand which variables are the most critical and how they can be modified. (5) The model can be fine-tuned by performing experiments based on the proposed sets of parameters.

Conclusions {#Sec9}
===========

In this study, we have demonstrated that ML algorithms can be implemented for predicting the electrochemical properties of Ni-rich NCM cathode materials based on an experimental database. The database was compiled from 330 experimental datasets, which were obtained in a controlled and consistent environment. First, the correlation values indicate that structures with higher calcination temperatures, higher Ni content, and a larger primary particle size result in poorer performance in terms of cycle life. Among the seven different ML regression models that were tested, the ERT with AdaBoost algorithm exhibited the best performance (largest R^2^ score) for predicting the initial capacity, residual Li, and the cycle life. Finally, a reverse engineering scheme was conducted to propose ideal experimental parameters to fulfill the target specifications. Then, the proposed sets were further validated with experiments. The current study demonstrates that ML algorithms can successfully contribute to the search for an ideal synthesis process of Ni-rich cathode materials, leading to accelerated development of lithium ion batteries with higher capacity and longer cycle life for electric vehicles.
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